Fully convolutional neural networks (FCNs) have shown out standing performance in many computer vision tasks includ ing salient object detection. However, there still remains two issues needed to be addressed in deep learning based saliency detection. One is the lack of tremendous amount of annotated data to train a network. The other is the lack of robustness for extracting salient objects in images containing complex scenes. In this paper, we present a new architecture-PDNet, a robust prior-model guided depth-enhanced network for RGB-D salient object detection. In contrast to existing works, in which RGB-D values of image pixels are fed directly to a net work, the proposed architecture is composed of a master net work for processing RGB values, and a sub-network making full use of depth cues and incorporate depth-based features into the master network. To overcome the limited size of the labeled RGB-D dataset for training, we employ a large con ventional RGB dataset to pre-train the master network, which proves to contribute largely to the final accuracy. Extensive evaluations over five benchmark datasets demonstrate that our proposed method performs favorably against the state-of-theart approaches.
INTRODUCTION
When human look at an image, he/she always focus on a sub set of the whole image, which is called visual attention. Vi sual attention is a neurobiological process to filter out irrel evant information and highlight most noticeable foreground information. A variety of computational models have been developed to simulate this kind of mechanism, which can be used in object tracking [1] , image montage [2] and image Prof. Ge Li* is the corresponding author. This work was sup ported by the grant of Shenzhen Municipal Science and Technology Pro gram (No. JCYJ20170818141146428 ), the grant of National Engineering Laboratory for Video Technology -Shenzhen Division, the grant of Shen zhen Key Laboratory for Intelligent Multimedia and Virtual Reality (No. ZDSYS201703031405467) and the grant of National Natural Science Foun dation of China and Guangdong Province Scientific Research on Big Data( No. U1611461 ). compression [3] . In general, saliency detection algorithms can be categorized into two groups: top-down [4, 5, 6] or bottom-up [7, 8, 9, 10, 11] approaches. Top-down approaches are task-driven and need supervised learning. While bottomup approaches usually use low-level cues, such as color fea tures, distance features and heuristic saliency features. One of the most used heuristic saliency features is contrast, such as pixel-based or patch-based contrast.
Most previous works on saliency detection focus on 2D images. To our thoughts, this remains limited potential for further research. First, 3D data instead of 2D is more suitable for real application, second, as visual scene become more and more complex, utilizing 2D data only is not enough for ex tracting salient objects. Recent advances in 3D data acquisi tion techniques, such as Time-of-Flight sensors and the Mi crosoft Kinect, have motivated the adoption of structural fea tures, improving the discrimination between different objects with the similar appearance. Saliency detection on RGB-D images will expedite a variety of real applications, such as 3D content surveillance, retrieval, and image recognition.
In addition to RGB information, depth has shown to be a practical cue for saliency estimation [6, 1, 2] . However, it is still ineffective to train a network due to the limited size of annotated RGB-D data. Besides, how to integrate the addi tional depth information into the RGB framework remains to be a key issue that is needed to be addressed.
To resolve the above-mentioned limitation, in this paper, we propose a novel prior-model guided depth-enhanced net work (PDNet). The PDNet is composed of a master net work and sub-network. The master network is a convolutiondeconvolution pipeline. The convolution stage serves as a fea ture extractor that transforms the input image into hierarchi cal rich feature representation, while the deconvolution stage serves as a shape restorer to recover the resolution and seg ment the salient object in fine detail from background. The sub-network can be treated like an encoder convolution ar chitecture and it process depth map as input and enhance the robustness of the master network. To address the problem of insufficient RGB-D data for training, we employ a large dataset to pre-train our master network. This pre-train setup before training our network using RGB-D data has proved to contribute dramatically to accuracy improvement. Fig.l illus-trates the pipeline of our model.
In summary, the main contributions of this work are as follows:
• We propose a novel deep network (PDNet) for saliency detection on RGB-D images, where we utilize RGBbased prior-model to guide the main learning stage.
• Unlike the existing works, we process the depth cue in an independent encoder network, which can make full use of depth cues and assist the main-stream network.
• Compared with previous works, the proposed method demonstrates dramatical performance improvements on five benchmark datasets.
RELATED WORK
In this section, we present a brief review of saliency detection methods on both RGB and RGB-D images.
RGB Saliency Detection
Over the past decades, lots of salient object detection methods have been developed. The majority of these methods are de signed on low-level hand-crafted features [8, 9, 10] . A com plete survey of these methods is beyond the scope of this pa per and we refer the readers to a recent survey paper [12] for details. Recently, with the development of deep learning and the growth of annotated data in RGB-based salient object detec tion datasets. The convolutional neural network has a remark able performance in salient object detection. A lot of research efforts have been made to develop various deep architectures for useful features that characterize salient objects or regions. For instance, zhu et al. [6] presents a two-channeled perceiv ing residual pyramid networks to generating high-resolution and high-quality results for saliency detection. Li et al. [4] fine tune fully connected layers of mutiple CNNs to pre dict the saliency degree of each superpixel. These methods achieve good performances, however, images with complex background are still a challenging task. Therefore, addition ally auxiliary feature should be exploited to assist saliency detection.
RGB-D Saliency Detection
Compared with RGB saliency detection, RGB-D saliency has received less research attention. In [2] , Zhu et al. pro pose a framework based on depth mining, and use multi layer backpropagation to exploit the depth cue. In [13] , Cheng et al. compute salient stimuli in both color and depth spaces. In [14] , Peng et al. provide a simple fusion frame work that combines existing RGB-produced saliency with new depth-induced saliency. In [15] , Ju et al. propose a saliency method applied on depth images, which is based on anisotropic center-surround difference. In [16] , Guo et al. propose a salient object detection method for RGB-D images based on evolution strategy.
However, for the limitation of the size of RGB-D datasets, some deep learning based methods [17] use many pre extracted low-level hand-crafted features to fed the network. And almost all the methods [17, 5] integrate the depth cue with RGB information directly as a fourth dimensional input to train the network. By contrast, our proposed method adopt pre-trained RGB network as prior-model and learn depth cue independently, which remedies the existing methods' draw back.
PROPOSED METHOD
As shown in Fig.l , the proposed PDNet contains two main components: the prior-model guided master network and the depth-enhanced subsidiary network. The master network is based on the convolution-deconvolution architecture. The subsidiary network acts like an encoder, extracting depth cues. The proposed model will be discussed in detail in the following sections.
Prior-model Guided Master Network

Master Network Architecture
The master network is based on encoder-decoder architecture. VGG [18] is used in the encoder part of the proposed model, besides, we employ copy-crop and multi-feature concatena tion technique. We utilize hierarchical features in an effective way.
Here are the details of the proposed FCN network. Each of the convolution layers is followed by a Batch Normaliza tion (BN) layer for improving the speed of convergence. And then the Rectified Linear Unit (ReLU) activation function is used for adding non-linearity. Every kernel size is 3 x 3 as used in other deep networks. VGG-16 and VGG-19 are tested for the encoder model. The experiment results will be shown in next section.
Copy-crop technique is used here for adding more lowlevel features from the early stage for improving fine details of saliency map on up-sampling stage.
Multi-feature concatenation technique is mainly based on loss-fusion pattern. It is used here for reasonably combining both low-level and high-level features for accurate saliency detection and loss fusion. Those features in different blocks in decoder part through one convolution kernel with 3 x 3 size and linear activation function get pyramid outputs. They are concatenated to final convolutional layer which has one 3 x 3 size kernel. The sigmoid activation function applied to this layer. Then, the pixel-wise binary cross entropy between predict saliency map S and the ground truth saliency mask G 
where i, j are the pixel location in an image.
Prior-model Guidance
Given an input image I, the salient object detection network produces a saliency map S m from a set of weights 9. The salient object detection is posed as a regression problem, and the saliency value S of each pixel (i, j ) in Sm can be de scribed as:
S m i d = p (S \R (I,i,jy , 9 ) ,
where R (I, i, j ) corresponds to the receptive field of location (i, j ) in Sm . Once the network is trained, 9 is fixed and used to detect salient objects for any input images.
Considering the limitation of RGB-D datasets, we employ the RGB based saliency detection datasets for pre-training. We utilize MSRA10K dataset [19] as well as the DUTS-TR [20] dataset. MSRA10K includes 10,000 images with high quality pixel-wise annotations. This DUTS dataset is currently the largest saliency detection benchmark, and con tains 10,553 training images (DUTS-TR) and 5,019 test im ages (DUTS-TE). Before feeding the training images into our proposed model, each image is rescaled into the same size [224,224] and normalized to [0,1] as well as the ground truth.
After pre-training the master network, we can get the prior-model weight 7 , which can guide the post-training weights 9. Thus, we can obtain a prior-model guided saliency map S m 1, denote as:
S m lj = p (S \R (I ,i,j)-,9-,'r),
where 7 is prior-model weight, which is fixed by the pre training in master network.
Depth-enhanced Subsidiary Network
In order to obtain the features of an input depth map, we apply a subsidiary network to encode the depth cue and incorporate the depth-based features acquired by the subsidiary network as a convolution layer into the proposed master network. We denote the input depth map of this convolution layer as d. Its corresponding output is:
where b is the bias, and w is the depth-enhanced weight matrix obtained by the subsidiary network.
The output features da of the subsidiary network is di rectly used as the weight matrix for the prior-model guided master network. The subsidiary network can therefore be viewed as a depth-enhanced weight prediction network to en code depth representation into the master network. Eq. 3 can be rewritten as:
S m l f 0 = p (S \R (I,i,j)-,9;r,oi), (5) where a is the combination weight factor of the depth-based feature maps obtained via sub-network, which is based on the number of feature maps, denote as: where I 0 is the RGB-based feature maps obtained via encoder part of prior-model guided master network.
EXPERIMENTS
Parameters and Running time
The proposed model is implemented in python 2.7 with Tensorflow 1.4. It's evaluated on a machine equipped with an i7-7700 CPU and a Nvidia GTX1060 GPU (with 6G memory). 
Dataset
In this section, we evaluate the proposed method on five RGB-D datasets. NJU2000 [15] . The NJUDS2000 dataset contains 2000 stereo images as well as the corresponding depth maps and manually labeled ground truths. The depth maps are gener ated using an optical flow method. We also randomly split this dataset into two parts: 1500 images for training and 500 for testing (NJU2000-TE).
NLPR [14] . The NLPR RGB-D salient object detec tion dataset contains 1000 images captured by the Microsoft Kinect in various indoor and outdoor scenarios. We randomly split this dataset into two parts: 500 images for training and 500 for testing (NLPR-TE).
LFSD [21] . This dataset contains 100 images with depth information and manually labeled ground truths. The depth information was captured using the Lytro fight field camera. All images in this dataset were used for testing.
RGBD135 [13] . This dataset has 135 indoor images taken by Kinect with the resolution 640 x 480. All images in this dataset were used for testing. SSD100 [22] . This dataset is built on three stereo movies. It contains 80 images with both indoors and outdoors scenes. All images in this dataset were used for testing.
Evaluation Metrics
Three most widely-used evaluation metrics used to evaluate the performance of different saliency algorithms, including the precision-recall (PR) curves, F-measure and mean abso lute error (MAE).
Ablation Study
To validate the effectiveness of our proposed network, we de sign a baseline and evaluate five variants of the baseline. The baseline is the master network of the proposed PDNet without prior-model guided and trained with four-dimensional RGB- which are a = 0.3,0.5,0.7,0.9, and averaging them to present this situation).
• The proposed PDNet with the combination weight fac tor larger than 1 (P D N eta>i , here we take four sam ples, which are a = 1.3,1.5,1.7,1.9, and averaging them to present this situation).
the optimal final saliency map. And the approximate best per formance is P D N eta=i, so we adopt a = 1 in the following experiments. Table 1 shows the MAE and F-measure validation results on two RGB-D datasets. And the visual results of the ablation study is shown in Fig.4 . We can clearly see the accumulated processing gains after each component. In summary, it proves that each variation in our algorithm is effective for generating
Comparison with the State of the Art
In this section, we compare our method with three state-ofthe-art methods developed for RGB images (BSCA15 [8] , LIP15 [10] , and HS16 [9] ) and seven RGB-D saliency meth ods designed specifically for RGB-D images (DES14 [13] , NLPR14 [14] , ACSD15 [15] , SE [16] , TPF17 [22] , DF17 [17] and CTMF17 [5] ). We use the codes provided by the authors to reproduce their experiments. For all the compared meth ods, we use the default settings suggested by the authors. Fig.2 provides a visual comparison of our approach with the above-mentioned approaches. It can be observed that our proposed method produce fine detail as highlighting the attention-grabbing salient region. Table 2 , our model outperforms other meth ods almost across all the datasets in terms of commonly-used evaluation metrics. From the PR Curve (Fig.3) we can easily conclude that our approach achieves better results in all the five datasets.
As shown in
CONCLUSION
In this paper, we propose a novel PDNet for RGB-D saliency detection. We adopt a prior-model guided master network to process RGB information of images. And the master network is pre-trained on the conventional RGB dataset to overcome the limited size of annotated RGB-D data. Instead of treat ing the depth map as a fourth-dimensional input, we design an independent sub-network for extracting depth information, which proves to be better than the previous treatment. Ex tensive experiments demonstrate that prior-model provides a solid foundation for salient object detection. And addition ally integrating an independent depth-enhanced network con tributes largely to the final accuracy. To encourage future works, we expose the source code that can be found on our project website.
